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Performance Analysis of Dynamic Acoustic Source
Separation in Reverberant Rooms
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Abstract—We study the effect of reverberation and source move-
ment on the performance of blind source separation and decon-
volution (BSSD) algorithms. Using the model of statistical room
acoustics we derive theoretical performance measures for a class of
unmixing algorithms when these are used in a reverberant room.
We specifically investigate the cases 1) where separation of only
direct paths is performed and 2) the case where unmixing of the
full reverberant paths is attempted. We develop closed-form per-
formance measures that are dependent on the geometry used and
the chosen unmixing system. Using these measures allows us to
draw general conclusions on the robustness to source movement
of typical BSSD algorithms. Results indicate that performance of
systems that show very good separation in static reverberant envi-
ronments is significantly reduced when sources move, with perfor-
mance degrading to that of simple direct-path separation.
Index Terms—Audio and electroacoustics, room acoustics and
acoustic system modeling.
I. INTRODUCTION
THE separation of mixed acoustical signals is an openproblem with extensive attention in the literature. Working
toward a feasible solution to this problem researchers have con-
centrated on blind source separation and deconvolution (BSSD)
algorithms. These provide a potentially powerful set of tools
to deal with the problem when only mixed observations are
available. Typically the model assumptions made about the
sources and the mixing procedure are weak, allowing for a
general application scope. In theory BSSD algorithms can
operate without any knowledge of the signals or the geometry
of the system.
Generally, BSSD algorithms exploit to some degree the inde-
pendence property of the mixed sources to achieve separation.
Normally statistical approaches are used for the optimization
of some criterion that leads to independence. These approaches
are further classified into methods based on second order sta-
tistics [1], [2], higher order statistics [3] and probability density
statistics [4]–[7]. At present, the latter turns out to be the most
popular method in the literature, with a series of well developed
methods already proposed. These methods aim to deconvolve
the effect of all of the reflections i.e., the full reverberant path.
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In acoustical signal processing applications, deconvolution is
severely limited by the unpredictability of room reverberation.
Any physical change in the room, like a source movement, can
degrade performance significantly. This problem has been inves-
tigated to some extent using BSSD simulations in [8] and [9]. In
both of these studies, established algorithms were used to show
that source movement degrades performance and then suitable
modifications were proposed to improve it. Alternatively, in a
BSSD system that separates only the direct-path components of
the mixture [1], robustness seems to be higher, but performance
suffers as the room becomes more reverberant [10].
A series of measures have been proposed in the literature
[11] for quantifying the performance of BSSD algorithms. Typ-
ically performance has been measured using signal-to-noise ra-
tios (SNR) at the input and output of the system [12]–[14].
Unavoidably, the measures become functions of the algorithm
specifics and most importantly they require knowledge of the
source signals. A series of such tests can be found in [14]. Since
the measures are dependent on the test environment, generalized
conclusions are difficult to formulate.
Our aim in this paper is to investigate in more detail the effect
of source movement and reverberation on BSSD algorithms.
We evaluate our results using performance measures similar to
those used in [15]–[17] that do not depend on the source signals.
In [15], simulations in a reverberant environment were used to
show that the dynamic performance of a direct-path unmixing
system is not greatly different than a system that also unmixes a
few of the stronger reverberant paths. In [16], [17] authors pre-
sented similar simulations using a specific algorithm.
We extend this previous work by introducing theoretical re-
sults leveraged from statistical room acoustics (SRA). By using
simple closed-form expressions we may predict the unmixing
error of BSSD in an acoustical environment when different un-
mixing schemes are used. The proposed measure can predict
the robustness of unmixing systems if an environment varia-
tion, like the movement of a source, is introduced. This type of
variation is relevent for implementation of real-world systems
where the position of the source is not fixed. In [18] a similar
approach was used to examine the performance of multi-channel
acoustic equalization systems. We verify our results by suitable
simulations.
The theoretical results are applied to the specific case of BSSD
with two sources and two microphones. We define the theoretical
robustness limitations of BSSD in a time varying environment.
For this we consider two classes of demixing algorithms.
1) Algorithms that impose as a structural constraint the sep-
aration of the direct paths only: For this case the algo-
rithm needs to identify only two delays and two scaling
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Fig. 1. Block diagram of the standard BSSD system.
factors, which represent the effect of the enclosure upon
the direct path components of the signals. One example
of such a system is the algorithm proposed in [1] which
operates essentially as a blind null beamformer.
2) Algorithms that attempt to unmix the complete room im-
pulse responses: Such algorithms normally update a bank
of delays and scaling factors that can be modeled with a
filter [4], [6], [19], [20]. This filter attempts to compen-
sate for the overall effect of the enclosure. The majority
of convolutive BSSD algorithms attempt this. The filter
structure makes this class far more computationally ex-
pensive to implement since room impulse responses are
normally several thousand taps in length.
These two classes are formalized in Section IV and they were
chosen to represent the most popular classes of unmixing algo-
rithms, i.e., null beamformer type systems and algorithms that
are designed to invert the reverberant room transfer functions
precisely. It should therefore be straightforward to comment on
the performance of any algorithm by comparing it to the theoret-
ical performance of these architectural extremes. In both cases
we assume that the algorithms manage to converge to a suc-
cesful solution i.e., we assume that the algorithms can operate
succesfully for a given static setup. Implicitly, this requires that
the scaling and permutation problems, inherently present in any
BSSD algorithm [19], can be solved.
The paper is organized as follows. In Section II we start by
presenting the system model and the basic assumptions of the
SRA model. In Section III the performance measures used to
evaluate the systems are derived. Then the main theoretical re-
sults are presented in terms of closed-form expressions that pre-
dict unmixing errors for a series of different configurations. The
validity of the theoretical claims is verified against simulations
in Section V. Finally conclusions are drawn in Section VI.
II. SYSTEM MODEL AND ANALYSIS APPROACH
A. System for Blind Source Separation
Consider a convolutive BSSD problem, where two source sig-
nals are recorded by two microphones after being mixed by a set
of reverberant acoustic impulse responses (see Fig. 1).
Using a frequency-domain approach, the convolutive mixture
for a given time frame is transformed to a set of instantaneous
mixtures where, at a given frequency , the microphone signals
can be written
(1)
where is the vector of micro-
phone signals, is the vector of
source signals, is the 2 2 matrix of acoustic transfer
functions (ATFs) and denotes matrix transpose. Since all
signals and transfer functions are functions of frequency and
the analysis remains time-invariant, we may simplify notation
by suppressing the explicit dependence on frequency and time.
Thus, we express the mixing process simply as .
Define as the acoustic transfer function (ATF) from
a source located at to a microphone located at . Let the
position of the first and second sources, respectively, be and
. Similarly, let the position of the first and second microphone
be and , respectively. Thus, the th element of is
given by .
The microphone signals are then filtered by the 2 2 un-
mixing matrix to give the output signals
(2)
where is the vector of output signals. Let
denote the unmixing filter from the microphone at to
the th output.
The aim of any BSSD algorithm is to design the unmixing
matrix such that and are “separated.” Typical criteria
to achieve this are minimization of mutual information [6], en-
tropy maximization [4], maximum likelihood and latent source
models [5] and central limit theorem [7].
B. Statistical Room Acoustics
Our aim in this paper is to provide some analysis of expected
performance of BSSD algorithms in reverberant rooms, so we
require a parsimonious model for the ATFs that is amenable to
theoretical analysis. As the behavior of reverberation in rooms
is too complicated to model directly, we instead draw on the
classical tools of statistical room acoustics (SRA) to provide this
model.
SRA assumes that the energy density of the reverberant sound
waves inside an enclosure can be considered as the sum of con-
tributions from an infinite number of plane waves that arrive
from random directions of propagation and contribute equally to
the space-averaged energy density. In such a reverberant room
and at a microphone position , the sound pressure due to a
source located at can be written as
(3)
where is the pressure due to the direct sound, and
is the pressure due to the reverberant field which is
assumed diffuse.
For this model to be accurate, the following set of conditions
must be satisfied [21], [22].
• The dimensions of the room have to be chosen relatively
large when compared to the size of the wavelength.
• The average spacing of the resonance frequencies must
be smaller than one-third of their bandwidth. This is en-
sured if all frequencies exceed the Schroeder frequency
for large rooms, given by
(4)
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where is the room volume in and is the rever-
beration time in seconds.
• The source and the receiver must be at least one half-
wavelength away from the walls.
Additionally, SRA assumes that the direct pressure and rever-
berant pressure are uncorrelated so that
(5)
where denotes ensemble averaging over all source and
receiver positions within a room. In [18], [21] the validity of this
assumption is verified by comparison of a series of simulations.
As with the sound pressure (3), SRA enables us to also write
the ATFs as the sum of direct-path and reverberant-path terms
[22], i.e.,
(6)
where the direct-path term is [22]
(7)
and is the wavenumber and is the vector 2-norm.
The reverberant-path terms satisfy the property [23]
(8)
where denotes complex conjugation, , is
the wall surface area of the room, and is the average absorption
coefficient of the walls. The room parameters are related by the
Sabine equation [22]
(9)
III. PERFORMANCE MEASURES
The performance of a BSSD system can be measured by
the degree to which it removes the effects of the mixing en-
vironment. We therefore restrict the performance measures to
be functions of the filter topology of Fig. 1. According to this,
a good BSSD algorithm would choose the unmixing filters
to remove echo and cross-signal components created by the
mixing filters of the model. In this section we define appro-
priate performance measures that can evaluate the performance
of an unmixing system. These measures are based solely on
the mixing and unmixing filters or alternatively the transfer
functions from each of the sources to the outputs of the system.
Let denote the overall system transfer function from the
source located at to the first output, and similarly for and
the second output. The matrix of system transfer functions is
(10)
where the th element is . Without loss of
generality, we assume that the first source is obtained at the
first output, and similarly for the second source and the second
output. Thus, an unmixing system that successfully performs
complete separation of the ATFs will result in a system transfer
function matrix that has small (ideally zero) off diagonal el-
ements. In this paper we will use the elements of to measure
the system performance.
Also, without loss of generality, in the remainder we will re-
strict out attention to analyzing the performance of the system
at the first output. Thus, in this case the first source is the target
while the second source is the unwanted interference; analo-
gous results will hold for the second output. Hence, let
denote the first row of , so (10) becomes
(11)
where is the first row of containing
system TFs from both sources to the first output. To simplify
notation, we will drop the subscript on since we will only
consider in the sequel.
We define the frequency dependent separation ratio as
(12)
which measures the ratio of the desired signal component at the
first output to the undesired signal component. In terms of the
BSSD architecture the ratio measures how well the separation
and deconvolution processes have been performed. The larger
the value of SR, the better the performance of the unmixing
system.
The basic advantage of the proposed measure compared to
its SNR based counterparts is its independence of any signal
specifics. For example, in [14] the following SNR measure was
used:
(13)
If we consider signals of unity power and a set of closely-
spaced microphones, so that , this SNR measure is
essentially the frequency averaged version of the proposed mea-
sure in (12). The performance of the unmixing system is thus
only dependent on the characteristics of the medium, i.e., the
channel impulse responses and the chosen unmixing scheme.
A. Static Environment
Consider a reverberant environment in which the ATFs do not
change over time. We will call this a static environment. In this
case the system TFs are given by (11) and the separation ratio is
(14)
where denotes matrix conjugate transpose, and are
respectively the ATFs from the first and second sources to the
microphones, so that is the th
column of .
B. Dynamic Environment
Now consider a reverberant environment in which the ATFs
are initially fixed, but then one of the sources moves thereby
changing the ATFs. The ATFs could change for a number of
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other reasons (such as temperature change, objects moving in
the room, etc). We restrict our attention to changes caused by
source movement. We will call this a dynamic environment.
Specifically, assume that before the source movement the
system TFs are again given by (11). Now let source move
to a new position that is a distance from
its nominal position . After source has moved, but before
the separation filters have adapted from their static values, the
system TF from the th source is
(15)
where is the th column of the
dynamic ATF matrix.
Let the perturbed source position be
(16)
where and are the elevation and azimuth angles, respectively.
If the source moves in an arbitrary direction from its static po-
sition, then the expected magnitude-squared system TF is [18]
(17)
where denotes expectation over all possible directions of
source movement and denotes ensemble averaging over
all positions in the room as stated before. Note that the integral
is taken over both the elevation and azimuth angles in order to
include any possible direction of the displacement.
In a dynamic environment, the separation ratio measures the
average unmixing error when one of the sources moves. Hence,
for movement of the first source the dynamic separation ratio
becomes
(18)
And similarly for movement of the second source
(19)
Equations (18) and (19) describe the separation ratio when
one of the sources move. To gain insight into how source move-
ment changes the separation ratio compared to the static case,
we define the perturbation factor as
(20)
which measures the change in separation ratio when source
moves from its nominal position to a perturbed position .
Using (14), (18), and (19) we therefore have
(21)
and
(22)
The perturbation factor therefore gives a measure of how sen-
sitive the BSSD algorithm is to source movement by a distance
. If is close to unity, then movement of source has
little effect on the performance of the algorithm and its perfor-
mance will be close to that in a static environment as described
by (14). However, if is far from unity, then the BSSD
algorithm is very sensitive to movement of source .
IV. THEORETICAL ANALYSIS USING STATISTICAL
ROOM ACOUSTICS
Having defined the performance measures that we will use,
we now derive closed-form expressions for these measures by
exploiting properties of statistical room acoustics. We formalize
these expressions for the two classes of algorithms presented in
Section I.
The measures that we have defined are necessarily functions
of the precise separation filters that are employed in the BSSD
algorithm (and this is true of almost any useful performance
measure that one could use). Although these measures could be
used for analyzing any particular BSSD algorithm, our aim in
this paper is to make general conclusions about the expected
performance of BSSD algorithms in reverberant rooms. With
this in mind, we will therefore consider the two general classes
of separation systems discussed in Section I. Both classes are
examined for static and dynamic environments.
A. Static Environment
1) Direct-Path Separation: Define a separation system that
only separates the direct-path components of the ATF as one
where the separation filters have converged to satisfy
(23)
where consists only of direct-path ATFs (7) and , are com-
plex valued scalars. Ideally, results in perfect separation
of the direct-path components at the first output. The system TF
from the th source is
(24)
where and
. Hence,
(25)
where , , and the cross
terms are zero because of (5). Since the separation filters
are dependent only on the direct-path TFs, they are therefore
independent of absolute room position and can be taken outside
of the expectation .
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The th element of is
(26)
where
(27)
is the distance from source to microphone .
The th element of is (8)
(28)
which is independent of the source .
From (23), and .
We therefore have the following theorem.
Theorem 1: For a separation system that performs direct-
path separation according to (23) in a room having an average
wall absorption coefficient and wall surface area , the sepa-
ration ratio obtained in a static environment is
(29)
where
(30)
Proof: The proof follows immediately from (14) and sub-
stitution of (25) and (28).
We can gain further insight by considering a special case
of direct-path separation in a static environment where the un-
wanted source component is completely eliminated. Let
so that and . In this case the separa-
tion ratio (29) becomes
(31)
Substitution from (7) and (30) gives
(32)
where . Similarly,
(33)
Fig. 2. Planar geometry of the two-source to two-microphone system.R and
R are the distances of the first and second receivers from the corresponding
microphones.  and  represent the angles of incidence of each source signal
with respect to the midpoint of the microphone array.
Now consider the planar geometry shown in Fig. 2 and as-
sume that the inter-microphone distance is very small compared
with the source-microphone distances, i.e.,
(34)
We thus have
(35)
(36)
Note that the angles , , 2 are defined as being counter-
clockwise from the axis bisecting the microphones; thus as
shown in Fig. 2 is negative. Substitution gives
(37)
Now, the maximum separation ratio will occur when the numer-
ator of (37) is maximum, i.e., when
. This occurs at a wave-number
At this particular wave-number, substitution gives
(38)
The ratio of direct-to-reverberant energy (DRR) from the th
source to the th microphone is defined as [21]
(39)
Let the average DRR from the th source to the microphones be
(40)
Hence, the maximum separation ratio is given by
(41)
TALANTZIS et al.: PERFORMANCE ANALYSIS OF DYNAMIC ACOUSTIC SOURCE SEPARATION 1383
A simple numerical trial shows that the denominator of (41) is
in the range of 0.78 to 1.22 for all , . We thus have the
following result.
Corollary 1: A BSSD algorithm that performs direct-path
separation will have a separation ratio that has a maximum value
of
(42)
where is the average direct-to-reverberant ratio from source
1 to the microphones.
The utility of this result is that it allows one to immediately
determine whether the static performance of a BSSD algorithm
indicates that it is attempting complete impulse-response sep-
aration. If one finds that the BSSD algorithm gives better per-
formance than (42), then the algorithm is implicitly attempting
complete impulse-response separation and one must then eval-
uate its dynamic performance.
Finally, it is straightforward to show that the separation ratio
(31) is a minimum at a frequency
(43)
which tells us the maximum frequency at which a BSSD al-
gorithm should be used for a given geometry. Above this fre-
quency, the geometry dictates that separation of the direct-path
terms will be problematic.
2) Complete Separation: Define a separation system that
separates the complete impulse responses as one where the
separation filters satisfy
(44)
where and are again complex valued scalars. The corre-
sponding system TF from the th source is
(45)
Thus, for a separation system that performs complete impulse-
response separation, the separation ratio obtained in a static en-
vironment is
(46)
B. Dynamic Environment
Having determined the separation ratio one could expect to
achieve in a static reverberant environment, it is now of interest
to compare the separation ratio one could expect to achieve in
a more realistic dynamic environment where one or both of the
sources move.
1) Direct-Path Separation: Consider a separation system
that only separates the direct-path components of the ATF, such
that the separation filters are given by (23). If source moves to
a new position as defined in (16), then the th system TF is
(47)
and
(48)
where
and
From [18, Eq. (A16)], the th element of is1
(49)
where
and
Using (26) gives
(50)
where is element-by-element multiplication, and is given
by
(51)
where
(52)
and
(53)
Note that as , becomes a matrix of all ones and
.
1Note that the expressions in [18] use G (s;m) = A (s;m). The present
notation in (7) allows for better representation of the direct-path effect as a pure
delay. Thus, expressions in this paper are complex conjugations of those used
in [18].
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Recalling from [18]
(54)
so as defined in (30). Direct substitution yields the
following results.
Corollary 2: Consider a separation system that performs di-
rect-path separation according to (23) in a room having an av-
erage wall absorption coefficient and wall surface area . If
the first source moves from its static position to a new posi-
tion that is a distance away in an arbitrary direction, the
expected separation ratio is
(55)
where is given by (50) with , and is given by (30).
Similarly, if the second source moves from its static position
to a new position that is a distance away in an arbitrary
direction, the expected separation ratio is
(56)
where is given by (50) with .
The corresponding perturbation factors are given by the fol-
lowing:
(57)
(58)
2) Complete Separation: Now consider a separation system
that operates on the complete impulse responses such that the
separation filters are given by (44). If source moves to a new
position as defined in (16), then the th system TF is
(59)
Specifically, if the first source moves from its static position
to a new position that is a distance away in an arbitrary
direction, the expected separation ratio is
(60)
where is given by (50) with .
Similarly, if the second source moves from its static position
to a new position that is a distance away in an arbitrary
direction, the expected separation ratio is
(61)
where is given by (50) with .
The corresponding perturbation factors are given by the fol-
lowing:
(62)
(63)
C. Comparison of Unmixing Systems
We now comment on the consequence of these theoretical re-
sults for dynamic sources. Consider first a dynamic environment
where direct-path separation is used and the first source moves.
Performance in this case is described by the perturbation factor
(57). It can be shown through simulations that is typi-
cally of the same order of magnitude as . Moreover,
changes in the numerator due to changes in source position are
small compared with the term. Thus, movement of the
source will have little effect on the separation ratio. In the case
of complete separation, comparison with (62) indicates that the
effect of perturbation may be slightly greater than for the di-
rect-path case (because of the removal of the term
in the denominator), but not significantly so. In other words,
movement of the first source has little effect on separation per-
formance for either direct-path or complete separation systems.
This assertion is verified through simulations in the following
section.
If the second source moves, however, the situation is very dif-
ferent. In this case, the difference between the performance of
the systems can be seen by noting that the numerator of (58) con-
tains a term that is not present in the numerator of
(63). Again, through simulations it can be shown that is
typically very small compared with . Thus, the nu-
merator of (63) is much smaller than the numerator of (58), and
any change in the denominator of (63) caused by movement of
source two will have a far greater impact than a similar change in
the denominator of (58). In summary, we therefore expect that
movement of the second source will have a much greater im-
pact on the performance of a complete separation system than
on a system that simply performs direct-path separation. This as-
sertion is similarly verified through simulation in the following
section.
V. SIMULATIONS RESULTS
A. Simulation Environment
In this section we present results obtained by the simulation
of unmixing schemes. In the first part we are not specifically
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concerned with how to design such systems; rather, we assume
that the information needed for their design in a static environ-
ment is available and focus on how robust is the performance of
such an unmixing system in a time-varying environment where
the source location cannot be fixed. These simulations provide
for verification of the validity of our theoretical results. In the
second part of the simulations we use an example BSSD algo-
rithm and test its performance in terms of the SR measure using
speech data as input.
In particular, we conduct unmixing simulations for a
two-source to two-microphone system for environments distin-
guished by two different reverberation times i.e.,
and 0.30 s. For the used sampling rate of kHz this results
in impulse responses of length 1040 and 2400 coefficients,
respectively. The impulse responses are generated using the
image model [24] modified according to [25] to allow for
noninteger sample delays. We consider a geometrical setup
similar to the one used in [14], with a room of dimensions
[5.73, 3.12, 2.70] in meters. The microphone pair used has an
inter-element spacing of cm while the distance of each
source from the midpoint of the microphones is 1.15 m. The
speech signals arrive from two distinct directions, of 30 and
. The overall planar geometry can be seen in Fig. 2.
B. Performance of an Ideal System
In this Section we look at the initial question of how well
a separation system would perform if the convolutive mixing
system could be estimated exactly. A simulation study consid-
ering a similar problem was presented in [15]. We have gen-
eralized this study by deriving closed-form expressions for the
theoretical performance measures.
For the ideal separation results, we assume that an “oracle”
provides exact information about the system mixing model. For
an anechoic environment, this information would be the direct-
path impulse responses from the sources to the microphones; for
a reverberant environment, this would be the (truncated) rever-
berant impulse response from the sources to the microphones.
In either case, one could simply design the unmixing filters as
[15]
where denotes the matrix adjoint, and is the ATF of the
corresponding impulse responses. Thus, the separation filters
we use for direct-path separation are
(64)
and for complete impulse-response separation are
(65)
where is the ATF corresponding to the truncated true
impulse response.
For the experimental results, we use (64) and (65) to calcu-
late impulse responses for 10 random rotations and translations
of the source-microphone geometry in Fig. 2. In all 10 cases
though the relative geometry of the sources and microphones
Fig. 3. Separation ratio of a direct-path separation system used in a static
environment. Solid lines are obtained from averaging over ten Monte Carlo runs;
dashed lines are from (29).
is retained identical to the system described in Section V-A.
We then calculate the corresponding separation ratios for each
set of the simulated responses and average over all 10 Monte
Carlo simulations to obtain the average experimental separa-
tion ratio.
1) Direct-Path Separation: We first considered direct-path
separation in a static environment. The results are shown in
Fig. 3, for reverberation times of , and ,
where the separation ratio averaged over the 10 Monte Carlo
simulations is compared with (29). Observe that the theoretical
result is close to the mean simulation result. For the simula-
tion environment described above, the average DRR (40) for
the first source is for , and
for . Substitution into (42) gives estimated maximum
separation ratios of 8.6 dB and 3.3 dB respectively, which agree
well with the simulation results.
Next we considered direct-path separation in a dynamic envi-
ronment, where the separation filters are given by (64) with the
sources in their static positions. We considered separately the
cases where each of the sources moves from its nominal posi-
tion. Results in Fig. 4 show the separation ratio averaged over all
frequencies as a function of the source movement ; Fig. 4(a) is
for , and Fig. 4(b) is for . In each plot,
the solid curves are the average for 10 Monte Carlo simulations,
and the dashed curves are theoretical results from (18) and (19).
Results for movement of the first source are denoted by circles,
and movement of the second source are plain lines. As expected
by Section IV-C, even with a relatively large source movement
of 20 cm, there is very little perturbation to the separation ratios.
Thus, with direct-path separation in a dynamic environment one
will obtain separation that is close to the static separation shown
in Fig. 3 and predicted by (42).
2) Complete Separation: We then considered a system with
separation filters given by (65). The separation ratio averaged
over all frequencies is shown as a function of the source move-
ment in Fig. 5 for and in Fig. 6 for .
In each plot, the solid curves are the average for 10 Monte Carlo
simulations and the dashed curves are theoretical results from
1386 IEEE TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 14, NO. 4, JULY 2006
Fig. 4. Separation ratio of a direct-path separation system used in a dynamic environment. (a) T = 0:13 s and (b) T = 0:3 s.
Fig. 5. Frequency-averaged separation ratio of a complete separation system used in a dynamic environment with T = 0:13 s. Solid lines are averaged over
ten Monte Carlo simulations, and dashed lines are from theory. The dotted line is the expected value for direct-path separation. (a) IRs truncated to 256 taps and
(b) IRs truncated to 128 taps.
(60) and (61). Results for movement of the first source are de-
noted by circles, and movement of the second source are plain
lines. For reference, the dotted lines indicate the separation ratio
that one would achieve using direct-path separation in the same
environment.
In the case of complete separation, the absolute performance
depends on the order of truncation used. We considered two
cases, where the separation filters are given by (65) with the
true impulse responses truncated to 128 taps and 256 taps.2 Ob-
serve that, as expected, movement of the first source has very
little impact on the separation ratio. But movement of the second
source reduces the separation ratio, with movement of around
10 cm resulting in a separation ratio that is approximately that
2Note that the IRs are only truncated for calculating h ; the complete IRs are
used in simulating the room impulse responses.
which would be achieved using direct-path separation only. In
all cases, the theoretical value of underestimates
the simulation value. To see why this is, in Fig. 7 we have shown
the separation ratios as a function of frequency for the single
case where , , and 256 taps of the
true IR are used for . We notice that the theoretical curve for
is a poor approximation to the simulation value
at low frequencies, although it provides a good approximation
above about 1 kHz. Thus, the frequency-averaged simulation re-
sults shown in Figs. 5 and 6 are somewhat biased higher by the
fact that the simulation separation ratio is far better at lower fre-
quencies than it is at frequencies above 1 kHz.
In summary, these results indicate that whereas movement
of the first source has little impact on separation performance,
movement of the second source can significantly degrade
performance (especially at high frequencies) to the extent that
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Fig. 6. As in Fig. 5, but with T = 0:3 s. (a) Truncated to 256 taps and (b) truncated to 128 taps.
Fig. 7. Separation ratio of a complete separation system used in a dynamic
environment where the source moves by 10 cm.
movement of around 10 cm can result in performance that is
no better than that of simple direct-path separation. Because of
the symmetry of the separation system, at the second output the
converse of this is true.
C. Performance of an Example BSSD Algorithm
In addition to the ideal simulations above, it is of interest
to examine the performance of an actual BSSD algorithm. For
this we used an implementation of the popular ECOBLISS al-
gorithm as described in [20]. Authors provide a time-frequency
coupling to solve the permutation problem while they normalize
the weight matrix after updating so that the coefficients of
are of the same order of magnitude and the scaling problem is
solved. A set of synthetic data was created by convolving two 60
s speech waveforms (one male and one female) with a series of
impulse responses representing 10 random displacements of the
geometrical setup of Fig. 2. The resulting waveforms were then
Fig. 8. Separation ratio of ECOBLISS for different reverbaration times when
sources are stationary.
fed to the algorithm that attempted to calculate the unmixing
filters. The separation ratio and perturbation factors were then
averaged over those ten simulations.
The ECOBLISS algorithm is defined and performed in the
frequency domain, operating on frames of data. The frame size
of the short-time discrete Fourier transform used to convert the
time data in the frequency domain is kept twice the size of the
separating filters. The size of the filters was chosen to be 2048
and 4096 coefficients for the cases where is 0.13 s and 0.30 s
respectively. Frames were windowed using a Hamming window
and overlapped by 50%. For all examined scenarios we compare
the separation performance of the algorithm with that of (42).
Fig. 8 shows the effect of reverberation upon the performance
of the algorithm in a static environment. By the end of the pro-
cessing of the 60 s data the SR for is about 2 dB
higher than the case where . It appears that for
low reverberation times like the BSSD can not
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Fig. 9. Average separation ratio for ECOBLISS when one of the sources moves at 30 s. Reverbaration time is T = 0:3 s. (a) Displacement of source 1 and
(b) displacement of source 2.
Fig. 10. As in Fig. 9, but with T = 0:13 s. (a) Displacement of source 1 and (b) displacement of source 2.
easily match the performance of a direct-path unmixing system
in the given time period. Note though that as the environment
becomes more reverberant the BSSD system
manages to outperform the corresponding direct-path unmixing
system after approximately 25 s and finally becomes about 2 dB
better. Also observe that the BSSD system converges faster for
lower . Of course this comparison is subject to the ability of
the specific algorithm to separate. It is thus possible that the im-
plementation of another BSSD algorithm would produce better
convergence results.
Wealsoconsider separately thecaseswhereeach of thesources
moves. For the purposes of the simulation this is introduced in-
stantly at 30 s, where we move one of the sources by either 1 cm or
10 cm in a random direction. The resulting SR values are grouped
according to the value of , and canbe seen in Fig. 9 and Fig. 10.
A representative example of the corresponding PF plots is also
presented in Fig. 11 for . The SR plots verify our
theoretical conclusions since movement of the second source
degrades performance more than when the first source is moved.
Also note the introduction of additional convergence problems
when the displacement is 10 cm. It appears that when the second
source is displaced by 10 cm the system requires a significant
amount of data (about 20 s for ) in order to recover its
original SR performance. Additionaly, it appears that direct-path
unmixing systems remain far more robust to source movement
when compared to BSSD, even when the environment has a high
reverberation time. In particular, the movement of the second
source after the BSSD system has converged, reduces the separa-
tion ratio to levels lower than the direct-path unmixing ones. The
additional time needed to regain the original performance levels
suggests that actual performance in a real dynamic environment
may not reach that obtained in a static environment.
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Fig. 11. Average perturbation factor for ECOBLISS when one of the sources moves at 30 s. Reverbaration time is T = 0:13 s. (a) Displacement of source 1
and (b) displacement of source 2.
VI. CONCLUSION
The evaluation of BSSD algorithms is generally difficult to
formulate since they use different statistical criteria to achieve
separation. Authors normally base their measurements on spe-
cific speech data and system geometries. This limits the formu-
lation of generalized conclusions. In this context, we used SRA
to extract robustness results that are not algorithm or data spe-
cific but rather answer the question of how sensitive BSSD is to
dynamic environments.
The expressions investigate the cases where separation of
only direct paths is performed and the case where unmixing of
the full reverberant paths is attempted. We thus derive the ideal
unmixing performance of any algorithm belonging in these spe-
cific classes. The developed closed-form performance measures
are only dependent on the geometry used and the chosen un-
mixing system. The basic advantage of this statistical approach
is that for a specific room we can examine the expected perfor-
mance of an unmixing system by simply substituting the geo-
metrical coordinates of the sources and the receivers. This way
any conclusions drawn have a general scope since the present
formulation can deal with any algorithm.
The derived theory showed that in reverberant environments,
systems obtaining a higher degree of separation are far more
sensitive to source movement than those that simply attempt to
separate the direct-path only. Movement of the first source has
little impact on separation performance but movement of the
second source can significantly degrade performance to the ex-
tent that movement of around 10 cm can result in performance
that is no better than that of simple direct-path separation. Our
findings also showed though that the overall performance of di-
rect-path unmixing systems suffers as the environment becomes
more reverberant.
In order to check the validity of the theoretical results we
performed a series of separation simulations using reverberant
speech data and a set of unmixing schemes. First we verified
the accuracy of the theoretical claims by designing a set of un-
mixing filters from a corresponding set of room impulse re-
sponses. This was done for both exact and direct-path unmixing
schemes. Additionally, the same data were used with an actual
BSSD algorithm. Given enough data, such an exact-path source
separation system appears to give acceptable performance when
used in a static environment. As before though, movement of
the second source immediately degrades performance and intro-
duces additional convergence problems since the algorithm re-
quires a large amount of data to regain its original performance.
The overall complexity of exact-path unmixing algorithms is
generally high since the system is required to update a bank
of large filters in order to track time variations. On the other
hand, the computational complexity of direct-path unmixing is
significantly lower since it only deals with the updating of a few
coefficients.
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